To understand how decisions to invest in stocks are taken, economists need to elicit expectations regarding risk-return trade-off. One of the few surveys which has elicited such expectations is the Survey of Economic Expectations in 1999-2001. Using the data from this survey, Dominitz and Manski find considerable heterogeneity across respondents that cannot be explained by simple models of expectations formation. Adapting a principle of dual-reasoning borrowed from Kahneman, this paper classifies respondents according to their sensitivity to some pathologies. We find a substantial amount of unobserved heterogeneity between the least and the most sensitive respondents. We then sketch a model of expectations formation.
Introduction
The decision to invest in stocks requires an assessment of the risk-return trade-off. To measure this arbitrage, financial researchers should be interested in eliciting potential investors' expectations regarding equity returns. Yet the prevalent practice is to use realized returns as a proxy for expected returns. By doing so, researchers neglect some fundamental issues in finance such as the degree of homogeneity between agents' expectations and their types of expectations.
These issues will remain unexplored if we do not ask potential investors what they expected exante (Bossaerts, 2002) . Various surveys have included questions about individuals' expectations over equity returns. But most of these elicit point forecasts or Yes/No predictions which tell us nothing about respondents' perceived risk.
1 To provide an empirical basis for the study of this risk-return trade-off, we need to elicit subjective probability distributions. But only few surveys to date have included such questions.
Two of the recent exceptions are Dominitz and Manski (2010, 2007) : the reserarch here is based on surveys that measure probabilistically the beliefs that Americans hold about mutualfund returns. In particular, Dominitz and Manski (2010) Please think about the type of mutual fund known as a diversified stock fund. This type of mutual fund holds stock in many different companies engaged in a wide variety of business activities. Suppose that tomorrow someone were to invest one thousand dollars in such a mutual fund. Please think about how much money this investment would be worth one year from now.
display persistence or are characterized by mean-reversal. But even a mixture of such models of expectations formation accounts for only 4% of the variation in respondents' answers. This unexplained heterogeneity leads DM (p.22) to conclude that the remaining question is "why these processes vary so much across persons", and that there is no "parsimonious specification of types
(that)can adequately explain the diverse expectations of the Michigan and SEE respondents."
In the light of this apparent lack of regularity in stated expectations, a skeptical economist might conclude that subjective expectations data are not useful. There are indeed several pathologies which are likely to affect the quality of the data: probabilistic questions are not easy for ordinary people, financial literacy is often lacking in the general public and framing effects are known to affect survey responses. Even if the preliminary questions help respondents to answer the probabilistic questions, some of these pathologies are likely to survive.
This paper takes these critics seriously and considers that these pathologies are an important source of heterogeneity. Suppose that some respondents have a hard time answering probabilistic questions and thus rely on rules of thumb which are prone to biases. They are then likely to provide nothing but noise, i.e. barely interpretable data. However, a fraction of the respondents may behave roughly as expected and reveal valuable information: they take the question seriously and, after some serious reflection, produce their "true" expectation. To see if such heterogeneity is at work, we need to understand how respondents cope with probabilistic questions and classify them according to the type of reasoning used. To do so, we adapt a principle of dual reasoning borrowed from Kahneman (2003) . In a nutshell, we thus revisit
Manski's approach in the light of Kahneman (and Tversky) .
The challenge is to operationalize this intuition. Section 2 explains how a dual system of reasoning can accurately describe the traditional pathologies that affect survey data, and how the specific design of the SEE allows us to build a proxy for this dual system. We consider the lowest and highest values elicited in the preliminary questions as a confidence interval. Under some assumptions, we are able to calibrate a probability distribution based on the prelimi-3 nary questions only (hereafter called the calibrated probability distribution). This calibrated probability distribution can provide a prediction of the answers to probabilistic questions. The distance between a predicted value and the actual value that the respondent provides to a probabilistic question is then a measure of coherence. This allows us to classify individuals according to their level of coherence.
In Section 3, we analyze the cross-sectional distribution of the values of (µ, σ) of the fitted subjective distributions conditional on this measure of coherence. We find a highly significant positive monotonic relationship between expected returns µ and perceived risks σ for the most coherent respondents. This result is in sharp contrast to the same cross-sectional distribution for the least coherent which exhibits no such pattern, nor any other particular relationship. As anticipated by our cognitive approach, it is as if the answers of the least coherent respondents are essentially nothing but noise. In line with our approach, we also find that our measure of coherence is related to education and income, i.e. individual attributes known to be related to cognitive ability.
Section 4 mainly focuses on the most coherent individuals. We first show that a simple linear regression of µ on σ explains a substantial part of the total variation in µ for these respondents. To interpret this surprising pattern, we suggest that the most coherent respondents have different portfolios in mind, ranging from investments with small expected returns and low risk to investments with larger expected returns but greater risk. At the extreme, those who consider a safe portfolio should expect the portfolio to perform like a risk-free asset. With this particular interpretation in mind, we view the intercept and the slope coefficients of the simple linear regression of µ on σ as the risk-free rate and the ex-ante price of risk, respectively. This estimated price of risk is weakly pro-cyclical, as it is statistically but not substantially lower in the last wave, a period characterized by a steady drop in the stock market. With only three waves the time-series dimension is however too short to consider this result as robust. Last, we provide more speculative results on the nature of expectations formation. Section 5 concludes.
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Subsection 2.1 below reviews the objections addressed to subjective survey data in economics. We claim in Subsection 2.2 that these objections can usefully be addressed using Kahneman (2003) 's dual system of reasoning. Subsection 2.3 then explains how the particular format of the SEE survey allows us to construct some measures of coherence which account for individual sensitivity to the cognitive biases occurring in such surveys.
The case against subjective data
Economists are often skeptical of subjective data, in particular expectations data (Manski, 2004 (Manski, , p.1337 . Economists usually prefer to infer expectations from data on observed choices.
The roots of this skepticism are not easy to track down. We have identified four kinds of objections that can be addressed to probabilistic questions:
i. Some individuals are sensitive to framing effects. Following Tversky and Kahneman (1974) , a large literature has shown that minor changes to the framing of a problem may lead to unanticipated changes in answers, especially if respondents are not well informed (e.g., Hurd, 1999) . This is a problem as survey questions are supposed to elicit "true" values, i.e. values which are independent of the elicitation technique used.
ii. Some individuals have trouble thinking in probabilistic terms. If the question forces them to give numerical probabilities, then the question "forces them to operate in a "mode" which requires "more mental effort" and is therefore more prone to interference with biasing tendencies" (Zimmer, 1984, p.123) .
iii. Some individuals lack some relevant knowledge. Van Rooij et al. (2007) provide evidence that a majority of Americans have only limited knowledge of bonds and stocks, the concept of risk diversification, and the working of financial markets. Respondents with less 5 financial literacy are more likely to be prone to biases (e.g., the thresholds of the probabilistic questions can influence their probabilistic answers). If this is the case, respondents with less financial literacy will likely provide noisier answers.
2 iv. Last, a recurrent objection is that some individuals do not take the questions seriously.
Answering questions, particularly numerical ones, represents a cognitive burden and there is no incentive to provide such effort. Some individuals may thus provide automatic answers, without putting in the required effort.
Each of these four objections has similar consequences: answers to survey questions are generated by some heuristics which lead to cognitive biases. If all respondents are strongly affected by at least one of these pathologies, there are serious reasons to doubt the validity of subjective probabilistic expectations. But if these pathologies affect some respondents more than others, the quality of collected data may greatly vary across individuals. We thus face a problem of unobserved heterogeneity regarding the individual sensitivity to these pathologies (Flachaire and Hollard (2008) provide empirical support in the context of value elicitation).
Controlling for such heterogeneity requires opening the black box of the cognitive process used by each survey respondent. This sounds like a difficult task. The next subsection thus explores the possibility that the myriad individual cognitive processes can be classified into two broad types which make sense regarding the quality of the answers provided.
Dual systems of reasoning
A dual system of reasoning consists of two systems which can be used to perform a cognitive task. Several such models exist in psychology. Roughly speaking, they are all based on a distinction between two systems: one is usually associated with intuition and the other with reasoning. This Subsection builds on a dual system of reasoning model described by Kahneman and System 2. System 1 is usually associated with intuition. It is fast, automatic and proposes intuitive answers to judgment problems as they arise. System 2, in contrast, is controlled and encompasses analytical intelligence. 3 System 2 requires effort. Note that the term "System" is only "a label for collections of cognitive processes that can be distinguished by their speed, their controllability, and the contents on which they operate" (Kahneman and Frederick, 2005, p.267 ).
We now turn to the specific task proposed in the SEE survey, namely a sequence of probabilistic questions. Both systems are able to provide answers to these. System 1 will provide fast and easy answers, such as round numbers or focal values. System 2 will provide more analytical answers which entail effort. In contrast, the answers from System 1 will be noisier, and are likely affected by minor details in the survey design that are difficult to control for.
The analysis presented in this paper is based on the idea that the identified pathologies affecting survey responses result from respondents using System 1 rather than System 2. We now reconsider the four objections listed in Subsection 2.1 in the light of a dual system of reasoning. (i.) Framing effects occur when System 2 only lightly monitors judgement, as noted by Kahneman (p.1467) . Individuals thus provide automatic answers without even realizing that they are sensitive to biases. (ii.) Thinking in probabilistic terms is directly linked to System 2 which encompasses analytic intelligence. Some shortcuts can be used, i.e. heuristics, but they may well lead to erroneous answers. (iii.) Now consider individuals who lack relevant knowledge. They are likely to be uncertain about their answers. Thus, any numerical cue may influence them, in particular if that cue is plausible. They might know how to handle probabilities, but lack the relevant knowledge to perform calculations. (iv.) Those who do not 3 A more complete description of the dual system of reasoning also recognizes that System 2 plays a monitoring role. It is supposed to override System 1 when some erroneous decisions are made. Errors of intuitive judgement occur when System 2 does not monitor judgement. Kahneman (p.1467) emphasizes that "the prevalence of framing effects, and other indications of superficial processing [...] suggest that System 2 monitors judgements quite lightly." 7 care enough about the survey or who refuse to put much effort into their answers will use the effortless system, i.e. System 1.
Thus, while these four pathologies are all different, they do have a common element: they consist of the use of cognitive processes belonging to System 1. We are thus facing a heterogenous population, composed of "System 1" and "System 2" respondents. As a direct consequence, if we can separate "System 1" from "System 2" respondents, we can then isolate corrupted answers from higher-quality data.
2.3 Building a proxy of the dual system approach As already mentioned, the survey analyzed in this paper uses a particular design. The two preliminary questions ask only for the lowest and highest possible future values of the investment. These questions are fairly easy and do not imply any probabilistic calculations, in contrast to the sequence of probabilistic questions asking respondents to provide a sequence of points on their subjective complementary cumulative distribution function. Providing coherent answers between the preliminary questions and the sequence of probabilistic questions is not easy, and respondents may well be prone to the pathologies described above. Our claim is that only those who use System 2 to answer these questions will provide coherent answers, i.e. they use the same underlying probability distribution to answer both types of question. We will thus use a measure of coherence as a proxy for the reasoning system that individuals use.
The preliminary questions allow us to calibrate a probability distribution which will serve to predict the answer to a probabilistic question. The distance between the predicted and the actual answers yields a proxy for the reasoning system.
The preliminary questions and the calibrated probability distribution. The two preliminary questions allow us to calibrate a probability distribution under a number of assumptions. The elicited lowest and highest possible future values of the investment, denoted R i,min and R i,max , are not interpreted literally as minimum and maximum values. Following 8 Dominitz and Manski (1997) , the phrases "lowest possible" and "highest possible" are too vague to justify this formal interpretation. Instead, R i,min and R i,max reflect the general region of respondent i's subjective distribution of R i , the one-year-ahead investment value based on these two preliminary questions. To construct a measure of coherence, we first make the two following assumptions which will allow us to calculate the parameters of the calibrated probability distribution.
Assumption 1 Prob
Assumption 1 says that the probability that R i lies within the interval [R i,min , R i,max ] is (1−2α), and the remaining part of the distribution, 2α, is equally allocated to the left and the right of the distribution. Three observations are in order concerning Assumptions 1-2. First, Assumption 1 says that the interval is the same for all the respondents, or, in other words, α is not individual-specific.
This assumption may appear to be strong, and we will discuss at the end of this Section and in the online appendix one way in which to relax it. Second, Assumption 2 imposes that R i is normally distributed. The assumption of normality is crucial to calibrate a distribution based on the preliminary questions. This assumption is debatable, even if it is standard in finance and is also used by DM. But it appears as the simplest alternative, as we need to calibrate a distribution using only R i,min and R i,max . Third, it is reasonable to think that α should be small. But the notion of "small" is admittedly arbitrary. We will carry out the empirical analysis in the main text assuming that α = 0.01, and will present a set of robustness checks with alternative values for α in the online appendix.
A normal distribution is symmetric around its mean, so under Assumptions 1-2 the mean of
. Regarding the standard deviation, we 9 have from Assumption 1 that Prob R i < R i,min = α. Let Φ(.) denote the standard normal cumulative distribution function. The standard deviation is then equal to σ i =
. R i thus follows the calibrated normal distribution:
This calibrated probability distribution provides a predicted answer to a probabilistic question.
Note that if R i,min = R i,max , R i has a degenerate distribution with all of the probability mass at the single point R i,min : in this case µ i = R i,min and σ i = 0, ∀α.
The probabilistic questions. The sequence of probabilistic questions elicits the percentage chance that the one-year ahead investment value will be worth more than four different thresholds (posed in increasing order). Hence, for each respondent i, we observe
, where R i denotes the one-year-ahead investment value, and
are the four investment value thresholds about which the respondent is queried. The probabilistic expectations data are used to find the value of (µ i , σ i ) of each fitted subjective distribution. Let F (R; µ i , σ i ) denote the cumulative normal distribution function with mean µ i and standard deviation σ i , evaluated at any point R. For each respondent i, we find the (µ i , σ i ) that solves the following least-squares problem:
We thus proceed as in DM to find the values of (µ, σ). 4 Remember that we here analyze the cross-section distribution of the values of (µ, σ) conditional on a measure of coherence. The value of a calibrated probability distribution ( µ i , σ i ) only serves to compute the measure of coherence for respondent i, as described below.
A measure of coherence. We now have two measures of the one-year-ahead investment value: R i and R i . The first, R i , comes from the sequence of probabilistic questions, while R i is derived from the two preliminary questions. Given that we now have the parameters ( µ i , σ i ) of the calibrated probability distribution of R i , we can compute Prob R i > R i,k : this is a prediction of Q i,k . These two probabilities are more likely to differ when the respondent does not use System 2. We thus classify individuals according to the gap between Prob R i > R i,k
and Q i,k . We consider the distance at the first threshold R i,1 :
Note that d
The smaller this distance, the more coherent is the respondent. The superscript "98" indicates that the parameters of the calibrated probability distribution have been computed assuming that α = 0.01 (so that Prob
Alternative measures of coherence. Instead of considering d assumptions. It does not require any estimation of the distribution parameters based on the four probabilistic questions, and so does not depend on the normality assumption to find the value of (µ i , σ i ). It only depends on the assumptions made regarding the calibrated probability distribution. Also note that the distance d 98 i is a coherence criterion based on the first threshold value R i,1 . We could have computed the distance at any one of the other three thresholds.
However, the first threshold is more natural because the answer for the first threshold is not influenced by the answers for the subsequent thresholds, while the reverse is not true. Once a respondent has answered Q i,1 , his answers to the next three thresholds must subsequently
Hence, we prefer d 98 as a coherence measure and this 5 The extreme case d 98 i = 1 can occur for a degenerate calibrated probability distribution, such that R i,min = R i,max < R i,1 and Q i,1 = 1. Only one respondent interviewed in the SEE falls into this category. He answered R i,min = R i,max = 120 at the preliminary questions, implying a prediction Prob R i > R i,1 = 0. But at the first threshold R i,1 (= 500) of the sequence of probabilistic questions, he answered Q i,1 = 1.
6 Remark: if a probability elicited at threshold R i,2 , R i,3 or R i,4 was higher than one elicited previously, the 11 is what is analyzed in the paper below.
Even so, we have also carried out the analysis described in this paper with seven other measures of coherence, each of which has its own advantages compared to ) . Last, and as discussed above, we may consider Assumption 1 to be particularly strong,
given that α is not individual-specific. We have taken a distinct approach by assuming that respondents are in fact coherent, but that the value of α varies across individuals. The value α i is given by the value that minimizes the distance between Prob R i > R i,1 and Q i,1 , and α i thus becomes the measure of coherence for respondent i. Similarly, we have considered the distance at the $1000 threshold: the individual-specific quantile which minimizes this distance is called α i,1000 .
8 interviewer informed the respondent and requested a replacement response (see Dominitz and Manski, 2004, pp.4-5, pp.8-9) . 7 More details concerning these measures of coherence are presented in Sections B and C of the online appendix. Section B explains precisely how we construct these measures and the corresponding results. Section C compares the rankings of respondents based on the different measures. The rankings are very similar, with the Spearman rank correlation coefficients between d 98 and the alternative measures usually being over 80 percent, for all SEE waves. The two exceptions are the Spearman's rhos of d 98 with d and d Kol which are around 30 and 55 percent, respectively. The null hypothesis of statistical independence is however always rejected at the 1 percent significance level.
8 Given that α i and α i,1000 relax Assumption 1, they can appear as much better than d 98 and the other alternative measures of coherence. The inconvenient of α i and α i,1000 is that they are not uniquely defined for
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This Section analyzes the cross-sectional distribution of the values of (µ, σ) of the fitted subjective distributions conditional on our measure of coherence. Subsection 3.1 describes the sample used, and Subsection 3.2 checks whether our measure of coherence does indeed capture some unobserved heterogeneity across respondents. Last, Subsection 3.3 considers the relationship between our measure of coherence and observed individual characteristics.
The data
The data used in this paper are drawn from the three waves of the SEE where the questions on equity returns were asked: wave 12 (where interviews were conducted between July 1999 98 for these 1125 respondents, but we cannot fit a subjective distribution for some of them.
120 respondents reported the same probability values at all four of the specified thresholds: the absence of variability in these responses makes it impossible to fit a subjective distribution for them. Of the 1005 remaining respondents, we drop five other respondents as all four of their elicited probabilities (Q i,k , k = 1, ..., 4) take the values of 0 or 1 (these five cases correspond to the case where the responses are (1, 1, 1, 0)). For each of the 1000 remaining respondents, we solve the least-squares problem in Equation 2 to find the value of (µ i , σ i ) for each respondent i.
We had some difficulty in obtaining a stable and unique fitted value of (µ, σ) for 21 of the respondents, who we excluded. Hence, our final sample is composed of 979 respondents, implying an effective response rate of about 60% (≃ 979/1651).
some respondents (see Subsections B2 and B4 of the online appendix).
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3.2 Does the measure of coherence matter? Table 1 describes the cross-section distribution of the values of (µ, σ). Note that, as in DM, the data are rescaled, such that µ i denotes the expected return of respondent i (e.g., µ i = 0.03 means that the expected value of the investment one year from now is 1030). that more risk corresponds to higher returns. At first glance, it might be thought that this expectations data does not contain much relevant information. We think that this apparent absence of an interpretable pattern results from the noise due to pathologies that affect survey responses. If this is the case, we expect the introduction of our measure of coherence to make a difference, given that it is a proxy for the type of cognitive reasoning used.
To evaluate the effect of our cognitive variable, we rank the N t respondents according to the distance d 98 for each wave t, beginning with the lowest d 98 i value, i.e. the most coherent respondent in wave t. We separate respondents into three equally-sized categories, j = 1, 2, 3:
those with high levels of coherence ("Coherent 1"), those with low levels of coherence ("Coherent 3") and the intermediate ("Coherent 2"). The presence of this intermediate group will allow us to draw a sharper distinction in the cross-section distribution of (µ, σ) between the most and the least coherent. Table 2 summarizes the number of respondents included in each category for each wave. 
10 Panel (a) shows considerable heterogeneity in the cross-section distribution of (µ, σ) for the most coherent, but also suggests that the expected return is positively (and perhaps linearly) related to the risk for these respondents. This positive monotonic relationship is confirmed by a Spearman's rho equal to 0.60 and significantly different from zero at the 1 percent significance level.
11 On the contrary, Panel (c) shows that the cross-section distribution of the values of (µ, σ) for the least coherent exhibits no particular pattern: the Spearman correlation coefficient is 0.09 and statistically insignificant. The same finding pertains in waves 13 (Panels (d) and (f)) and 14 (Panels (g) and (i)): there is a highly statistically significant positive monotonic relationship between µ and σ for the most coherent, but no particular structure for the least coherent, as if the latter were only providing noise.
The difference of structure in the data between the most and the least coherent suggests that our measure of coherence does pick up for some unobserved heterogeneity between these two categories. We have formally tested for each wave the null hypothesis that the most and the least coherent share the same monotonic relationship, i.e. that the Spearman's rho between µ and σ is the same for the two groups. The null hypothesis is always rejected at the 1 percent significance level, highlighting that the relationship is not the same by level of coherence. The same analysis has been carried out with the seven alternative measures of coherence, and the results, presented in Table D1 of the online appendix, confirm this difference.
These preliminary results seem to support our dual system approach, which aims to separate the most corrupted data from the least ones. Section 4 will analyze in more depth the cross-10 Instead of a dot to describe their probability distribution, a few respondents have the parameters (µ, σ) of their probability distribution described by a cross in the panels of Figure 2 . These are the few respondents who will be excluded from the regressions in Table 4 -Section 4 because they are outliers.
11 Note that there are two Spearman's rho figures at the bottom of each panel in Figure 2 . The first (e.g., 0.60 in Panel (a)) is computed with all the respondents of the category of coherence and wave under consideration. The second (e.g., 0.72 in Panel (a)) is computed excluding the "outliers" (e.g., excluding from the calculation the 11 respondents described by a cross in Panel (a)). We always refer to the first of these Spearman correlations in the text.
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section distribution of (µ, σ) conditional on our measure of coherence. Before that, the next Subsection checks to see if there is a relationship between our measure of coherence and various individual characteristics.
Who's who in term of coherence?
We expect the measure of coherence to be correlated with some individual characteristics related to cognitive abilities (e.g., education and income), given that System 2 reflects what psychologists label the "need for cognition", i.e. a respondent's tendency to enjoy thinking, and exposure to statistical thinking (Kahneman, 2003 (Kahneman, , p.1467 . On the contrary, other individual characteristics that may not be related to cognitive ability (e.g., religion) should not be correlated with our measure of coherence. We also expect our measure of coherence to be independent of the period of interview. Cognitive abilities change only slowly over time, so unless the general population experienced a jump in education or financial literacy, our measure of coherence in comparable samples of the general population should be distributed in a similar fashion across waves. Table 2 shows that the 113 respondents categorized as the most coherent in wave 12 are those for whom d 98 ∈ [0, 0.10], so the most coherent have a measure of coherence which is lower than the upper bound 0.10 in wave 12. This upper bound is broadly the same in wave 13 and 14 (0.09 and 0.10, respectively). The lower bounds of respondents categorized as the least coherent are also remarkably similar across waves, d
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98 being higher than 0.25, 0.24 and 0.25 in waves 12, 13 and 14 respectively.
13 In contrast to Dominitz and Manski (2010 , Table 4 ), there is no category "American Indian" in our Table. This due to small cell sizes in our sample (8 respondents out of 979). These are included in the base group category "Other", as is the case for the 15 respondents who refused to answer the question.
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and over time using least squares. The characteristics predict little of the variation in the measure of coherence, the R 2 being between 0.03 and 0.04 depending on the specification. In of Table 3 provide Tobit regressions. The results are broadly the same, except that respondents with a MS or a PhD are now significantly more coherent when we do not control for income (Column [6] ).
This analysis has also been carried out with the seven alternative measures of coherence.
The results, presented in Tables E1-E7 sample of 979 respondents, those for whom we can find a unique fitted value for (µ, σ) (the numbers of observations in the regressions of Table 3 are slightly lower (907/960), given that some respondents did not answer some questions, in particular their level of education). However, and as mentioned in Subsection 3.1, d
98 can be computed for more respondents (1125).
If we consider this sample (Tables F1-F7 of the online appendix), we find similar results. The main difference concerns those with a BA/BS or a MS/PhD: they are significantly more coherent at the 1 percent significance level, whatever the method (least squares or Tobit) and the specification.
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Lastly, and interestingly, education appears to explain not only the degree of coherence but also nonresponse. Indeed, the nonrespondents, i.e. those who did not answer the preliminary questions or those who answered the preliminary questions but not the sequence of probabilistic questions, are overrepresented in the less educated respondents: DM (2010, p.10) report that 48 percent of those with no postsecondary education did not respond versus 18 percent of those with a bachelor's degree. We can thus safely conjecture that most of the nonrespondents are far from being coherent.
Interpreting expectations of equity returns
Section 3 has shown that there is a significant positive relationship between µ and σ for the most coherent respondents. On the contrary, we do not find any relationship for the least coherent. Following our dual system approach, we view the responses of the least coherent as noisy answers that are difficult to interpret. Hence, this Section mainly focuses on the 33 percent most coherent respondents of the final sample of 979 respondents. We first show in Subsection 4.1 that a simple linear model accurately describes the relation between risk and return for 15 One can also be interested in the level of coherence of the 146 (= 1125 − 979) "special" respondents for whom we can compute a measure of coherence but cannot fit a subjective distribution. Most of these special respondents reported the same probability at the four thresholds and are far from being coherent. The Table 2 and footnote 12).
these respondents, and propose an interpretation of this empirical regularity. Subsection 4.2 explores how expectations behave across the three waves of the SEE survey. This permits us to sketch a model of belief formation.
On the nature of the risk-return trade-off
The previous Section has shown that there is an increasing monotonic trend between µ and σ for the most coherent. Panels (a), (d) and (g) of Figure 2 also suggest that this monotonic relationship is linear for this category of individuals. To see whether this linear relation holds, we estimate the following equation (via least squares), for the N j,t respondents in category of coherence j interviewed at wave t:
where γ j,t and β j,t are the intercept and the slope coefficients for the sample of Coherent j interviewed at wave t. We are particularly interested in the R 2 , given that it reflects the goodness of fit of the regression line. To take into account the influence of outliers (which might affect the R 2 ), we carry out a DFITS diagnostic test and exclude respondent i of category j interviewed at wave t if he has a cutoff value of |DF IT S i,j,t | > 2 2 N j,t , as suggested by Belsley et al. (1980) . The coefficient of determination is 72% for the most coherent. This is noteworthy in in-19 dividual cross-section data, and indicates that the linear model fits the data remarkably well.
This contrasts with the least coherent sample, where the coefficient of determination is close to zero. The results for the waves 13 and 14, presented in Table A1 of the online appendix, confirm the goodness of fit of the linear model for the most coherent, the R 2 being 72% for wave 13 and 51% for wave 14. The analysis with the other measures of coherence produce similar results (Section B of the online appendix): the linear regression always explains a significant percentage of the total variation in µ for the most coherent.
A possible interpretation. The existence of a robust linear relation proves that the heterogeneity between the most coherent respondents takes a particular form. In what follows,
we propose an interpretation of this fact. We assume that the most coherent respondents only differ in the way in which they interpret the mutual fund described in the SEE scenario ("a type of mutual fund known as a diversified stock fund "). This definition does not fully specify the composition of the portfolio, nor does it specify whether the fund will be rebalanced during the year under consideration. Respondents might have different portfolios in mind, ranging from relatively safe investments to much more risky ones. In this, faced with the same scenario, some might anticipate high returns, but high risk, while others anticipate low returns associated with low risk. At the extreme, those who have a safe portfolio in mind, should anticipate the market to perform in the same way as a risk-free asset. According to this interpretation, the parameters of Equation 4 are interpretable in financial terms: the intercept term γ 1,t is the riskless rate at wave t, and the slope coefficient β 1,t is the ex-ante price of risk for the sample of the most coherent interviewed at wave t.
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If this interpretation holds, the intercept term for the most coherent in wave t should not differ significantly from the risk-free rate during this period. As a proxy for the risk-free rate, the range RF 12 ∈ [0.056; 0.063]. 18 The estimated riskless rate isγ 1,12 = 0.059 (Column [1] of are not testing the hypothesis that β 1,t is equal to the ex-ante price of risk; we are testing the hypothesis that the respondents classified as the most coherent have specific expectations.
To clearly understand the problem, let's consider wave 12 (July-November 1999). The estimateβ 1,12 varies over the range [0.84; 1.34] depending on the measure of coherence considered (see Table 5 ). These estimated prices of risk appear very optimistic if we compare them to the historical mean and standard deviation of one-year equity returns in the U.S. DM ( The U.S. LIBOR rate is a daily reference rate based on the interest rates at which banks borrow funds from other banks. Other proxies are possible, such as the FED Funds rate or the short-term U.S. T-Bill rate. Their values are however very similar to the U.S. LIBOR rate.
18 The one-year U.S. LIBOR rate was 0.057 on July 1st, 1999 (when wave 12 began), and it was 0.062 on November 30th, 1999 (when wave 12 finished). During this period, it reached a minimum of 0.056 on July 21st, and a maximum of 0.063 on October 27th.
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to predict future returns, the one-year-ahead return in nominal term should be around 0.095, and the standard-deviation around 0.18. If we consider that the risk-free rate was around 0.06 during wave 12, the price of risk should be around 0.20 (≃ 0.095−0.06 0.18 ). Whatever the measure of coherence used to rank the respondents,β 1,12 always differs significantly from this "long-run" price of risk. However, remark that wave 12 took place during a notable bull market, i. 
Towards a model of expectations formation in financial markets
As discussed in the previous Subsection, it is impossible to test the null hypothesis that β 1,t is equal to the ex-ante price of risk. At best, we can check if (i) the variation in this ex-ante price of risk across waves makes sense, and (ii) these movements allow us to discriminate between some classes of models of expectations formations. (Table 1, p.29) report that the S&P 500 price return reached 0.38 the year before wave 12, i.e. from September 1998 to August 1999. 20 Remark that this range of values [0.84;1.34] is also plausible if we compare it to the results in Lettau and Ludvigson (2010, Figure 11 .2, p.673). Lettau and Ludvigson do not have expectational data. They use quarterly excess returns on the value-weighted stock market index from the Center for Research in Security Prices, and measure movements in the ex-ante expected return from period t to period t + 1 (expected standard deviation of daily returns between t and t + 1) as forecastable variation in the realized return (realized standard deviation), with e.g., the log consumption-wealth ratio in t as a forecasting variable. Over the period 1953-2001, they find that the price of risk was the highest during the quarters of 1996 (above 1.5), and the lowest during the last quarter of 2000 (around -0.4).
over seven months, bottoming out at under 1200 points at the end of March 2001 (when wave 14 finished).
21 Hence, we might expect the ex-ante price of risk in wave 14 to be lower than that in the other waves.
To evaluate the impact of this decline in the stock market on expectations, we compare the estimated ex-ante prices of risk across waves. Depending on the measure of coherence Table 5 ). For the eight measures of coherence, we test three hypotheses: (i) the null hypothesis H 0 : β 1,12 = β 1,13 versus H 1 : β 1,12 = β 1,13 ; (ii) H 0 : β 1,13 ≤ β 1,14 versus H 1 : β 1,13 > β 1,14 ; and (iii) H 0 : β 1,12 ≤ β 1,14 versus H 1 : β 1,12 > β 1,14 . Table 5 The procyclical behavior of the ex-ante price of risk can help us to discriminate between some classes of models of expectations formation. There are various ways of modeling expectations formation. 22 This section does not try to review all of them. At best, we try to discriminate between three classes of simple models, borrowed from DM. These three classes of models have normal subjective distributions and use the changes in the S&P 500 index to form the mean and variance of their subjective distributions. Note that we also assume that all respondents use a similar model, also we do not consider more sophisticated approaches in which respondents use mixtures of these models. The first class of models is a random-walk class which postulates that the changes in the stock market are best predicted by a normal distribution with mean and variance equal to their long term value. The second class of models are persistent, i.e. recent stock-market performance is a good predictor of future market performance. The last class of models considers that the stock market exhibits mean-reversal, i.e. high recent returns implies a return to the long-term mean in the near future.
Each class of models implies some restriction on the mean and the variance of expected returns. The results obtained for the most coherent allow us to rule out the random-walk and mean-reversal classes of models. The peculiarity of random walk models is to produce very similar predictions at each point of time, as long as inflation is low and non-volatile and the risk-free rate is stable. As we noted above, the estimated ex-ante price of risk is much higher than the long run price of risk. This rules out the possibility of simple random-walk models.
Mean-reversal models predict that higher returns, like those observed when wave 12 took place, should lead to lower returns in the near future. If this were the case, the probability of lower returns should have increased in wave 13, after an additional year of historically high returns.
However, the estimated ex-ante price of risk in wave 13 does not differ significantly from that in wave 12. In contrast, the persistence model seems to do a decent job at organizing the data.
The fact that the estimated price of risk fell when stock market returns dropped in wave 14
means that respondents consider that recent stock market performance will persist. We would like to be more precise about what "recent" means. But when defining a persistence model, 22 See Pesaran and Weale (2006) for an exhaustive review of these alternative models.
24 a respondent might use, e.g., the last year's performance on the S&P 500 or only that in the last three months to form (µ i , σ i ). So the best that we can say is that the information used probably covers more than the last few months, given that the estimated price of risk in wave 14 is lower but does not collapse either. Nevertheless, this remains a fuzzy calibration.
Conclusion
Taking into account the pathologies which affect answers in surveys, this paper has used the specific design of the SEE survey to construct several measures of coherence based on a principle of dual reasoningà la Kahneman. Our main contribution is to show that there is a highly significant linear relationship between expected returns and perceived risk for the most coherent respondents. On the contrary, the cross-section distribution of the least coherent respondents exhibits no particular pattern,as if they provided nothing but noise in their answers.
This result is robust across waves and to the various measures of coherence. We view this result as supporting our dual system approach which aims to distinguish data by its level of corruption.
There was no particular reason to expect that a simple linear relation between risk and return would fit the data for the most coherent respondents. We propose a particular interpretation (respondents have different portfolios in mind) which allows us to interpret the parameters of the estimated model as the risk-free rate and the price of risk. The empirical evidence does not reject this interpretation.
Last, the price of risk for the most coherent appears to be procyclical, as it is lower when individuals were surveyed during a period of widespread pessimism. This suggests that the expectations of coherent respondents can accurately be described by a simple persistence model, as we have defined it.
This last finding is, however, only suggestive. With some measures of coherence there is no evidence of procyclicality; in addition, even when we find procyclicality the time-series di-25 mension is too short to consider this result as definitive. Christelis et al. (2010) use SHARE data to show that this ability is strongly correlated with the propensity to invest in stocks.
26 Notes: i. A small number of respondents have the parameters (µ, σ) of their probability distribution depicted by a cross instead of a dot in each figure. These respondents correspond to those who will be excluded from the regressions in the columns of Table 4 because they are outliers (see Section 4 for more details).
ii. At the bottom of each panel, we report two Spearman rank correlation coefficients between µ and σ. One rho is computed including all the respondents of the category of coherence and wave. The other rho is computed excluding the outliers (see Note (i)). The superscripts * , * * and * * * represent 10, 5 and 1% significance of these rhos, respectively. i. * , * * and * * * refer to significance at the 10, 5 and 1% levels respectively. ii. Heteroskedasticity-robust standard errors in parentheses.
iii. "Significance of the regression" shows the P-value of the joint test of the hypotheses that all the coefficients except the constant are zero. For least-squares estimates this corresponds to the P-value associated with the F-statistic. For Tobit estimates the P-value is that associated with the likelihood-ratio statistic which has a limiting chi-squared distribution under the null hypothesis. 
